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To illustrate how spatial modeling methods may provide insight about the relation between proximity to mass trauma and substance use, we examined the role of proximity to a terrorist event in determining risk of substance use-related diagnoses.  Previous analyses that have assessed changes in substance use following mass traumas such as terrorist attacks have produced conflicting results.  We used Bayesian hierarchical modeling methods to assess whether distance from the World Trade Center (WTC) site in the aftermath of the September 11, 2001 terrorist attacks was associated with risk of substance use-related diagnoses.  In analyses controlling for age, gender, median household income and employment-related exposure to the terrorist attacks, we found that each two mile increment in distance away from the World Trade Center site was associated with 18% more substance use-related diagnoses in the population we studied; this relation between distance from the WTC and substance use-related disorder was the opposite of the relations observed one year before the same attacks in the same area.   By accounting for spatial relationships that may influence the population risk of substance use health disorder, this approach helps explain some of the conflicting observations in the extant literature. These methods hold promise for the characterization of disease risk where spatial patterning of exposures and outcomes may matter.







A growing body of evidence has demonstrated an increase in psychopathology in the general population after mass traumas (Chen, Chung, Chen, Fang, & Chen, 2003; C DiMaggio & S Galea, 2006; C. DiMaggio, Galea, & Madrid, 2006; S. Galea, Ahern et al., 2002; Sandro Galea, Nandi, & Vlahov, 2005; S. Galea, Resnick et al., 2002; Norris, Friedman, & Watson, 2002; Norris et al., 2002). For example, population-based reports have suggested a post-traumatic stress disorder (PTSD) prevalence of 7.5% in Manhattan residents in the first month following the September 11, 2001 terrrorist attacks (S. Galea, Ahern et al., 2002)  and estimates as high as 20% to 50% for residents of neighborhoods in the immediate vicinity of the World Trade Center (WTC) site (Chen, Chung, Chen, Fang, & Chen, 2003; S. Galea, Resnick et al., 2002).  In contrast to the evidence on psychopathology, little consensus exists about changes in substance use after mass traumas (Factor et al., 2002; Vlahov, Galea, Ahern, Resnick, & Kilpatrick, 2004).   Although some studies have shown an increase in substance use and misuse after mass traumas (Vlahov, Galea, Ahern, Resnick, & Kilpatrick, 2004; Vlahov et al., 2002) others have not (Factor et al., 2002). There is evidence to suggest that residential proximity to a disaster influences subsequent behavioral health pathology including substance use(Norris et al., 2002).  However, this relation has not been well-characterized and has sometimes been the subject of dispute. (Curran & Gregg, 1990; Rosenheck & Fontana, 2003; Satel, 2003).

Spatial analysis is common in the environmental and infectious disease literature (Mirabelli, Wing, Marshall, & Wilcosky, 2006; Sarkar et al., 2002)  and proximity to environmental hazards has long been known to determine a number of health outcomes (Ala et al., 2006; Bithell, 1995; Diggle & Rowlinson, 1994; Emch, 1999; Michelozzi et al., 2002; Viel, Arveux, Baverel, & Cahn, 2000; L.. Waller, Turnbull, Clark, & Nasca, 1992). A classic example is the Atomic Bomb Casualty Commission report which followed survivors of the atomic bombings of Hiroshima and Nagasaki from 1945 to 1982 ("Atomic Bomb Casualty Commission, 1945-1982", 2007). While it is employed less often in other areas of epidemiology, mapping techniques and spatial analysis have been used in several studies seeking to describe and analyze substance use.   For example, spatial analytic studies have demonstrated the correlation of substance use to deprivation indices (Squires, Beeching, Schlecht, & Ruben, 1995) the role social networks play in urban adolescent substance use (Mason, Cheung, & Walker, 2004),  the effect of ecologic level variables such as legal prohibitions against alcohol sales (Schulte Gary, Aultman-Hall, McCourt, & Stamatiadis, 2003) and whether frequency and type of substance use are geographically located independent of neighborhood characteristics (Latkin, Glass, & Duncan, 1998).  

Most epidemiologic studies that have considered the role of determinants beyond individual risk and behavior have considered data that characterizes an individual’s environment—typically data that are aggregated to administrative and political units such as zip codes and counties.  However, analyses that consider the role of aggregate group-level variables face challenges (Diez Roux, 2002; S. Galea & Ahern, 2006; O'Campo, 2003).  Considering the role of aggregate variables frequently relies on heterogeneous and arbitrary groupings that may be too large and undifferentiated to capture risk appropriately (Sandro Galea, Nandi, & Vlahov, 2005).  Analyses that rely on variable specification based on irregular geographic units, such as zip codes, (Thomas, Eberly, Davey Smith, & Neaton, 2006) may be affected by extreme values based on few cases in small populations (Devine, Louis, & Halloran, 1994).  These rare events contribute to more heterogeneity than is assumed by commonly used epidemiological models.   Additionally, influential covariates of an outcome, which may be unmeasured, are likely to be similar in adjacent areas resulting in spatial autocorrelation and inflated risk estimates.  Bayesian methods may be uniquely suited to addressing these difficulties (Banerjee, Carlin, & Gelfand, 2004; Lawson, Browne, & Vidal Rodeiro, 2003).  

In a Bayesian approach, our two main sources of information about parameters of interest (θ) are our prior beliefs or the prior distribution of the parameter (Pr[θ]) and the likelihood of observing the data given the parameter (Pr[y|θ]).  Our prior distribution indicates how we believe the parameter would behave if we had no data upon which to base our judgments. The likelihood informs about θ via the data itself.  When we have a lot of data, the likelihood predominates, and our results will essentially be the maximum likelihood estimate.  When we have less data, the prior has greater influence.(Greenland, 2006; Lawson, Browne, & Vidal Rodeiro, 2003)  The result of combining the prior distribution and the likelihood is called the posterior distribution and follows Bayes’ Theorem:

Pr[θ|y] α Pr[y|θ] * Pr[θ],

In a hierarchical (or mixed) Bayesian model we specify not only a distribution for how we believe risk (θ) is distributed across a group of individuals, but also how we believe θ varies across higher levels of organization, such as geographic units, by specifying an additional set of parameters (λ).  One could, for example, say that yi is the empirical (observed) rate of some event in a geographic area i, θ  is the true underlying rate, and λ how that true rate varies across all such areas in which we are interested (Banerjee, Carlin, & Gelfand, 2004).  Such specifications can help account for irregular groupings, autocorrelation and the effects of extreme values.

For simple models for which there is a closed form (i.e. they behave as true distributions and integrate to 1) we can estimate the posterior distribution directly via maximum likelihood estimates.  But most reasonably realistic models require sample-based approaches. A commonly used approach is the Markov Chain Monte Carlo method.  A Markov Chain is based on the premise that we can completely characterize complex high-dimensional joint probability distributions by describing the simpler conditional probability distributions that make up the joint distribution.  Monte Carlo refers to learning about a random variable through repeated sampling from its probability distribution.  Modern computing capabilities make Markov Chain Monte Carlo approaches increasingly viable.








We examined the effect of residential distance from the WTC site on outpatient substance use-related diagnoses in New York City neighborhoods in the months following the terrorist attacks of September 11, 2001 controlling for age, gender, terrorist-related deaths in communities, and median household income.  We drew inferences based on the statistical significance of model coefficients for the distance in miles of New York City zip-code tabulation areas from the WTC site, attack-related deaths per 10,000 population, 2000 census reports of median household income for age and gender controlled standardized morbidity ratios.  

We used data from Medicaid analytic extract files for New York State residents for 2000 and 2001 (CMS, 2006).  These are a complete set of individual-level data files on all New York State residents who received Medicaid-funded inpatient, outpatient, and long-term care service.  We restricted our analyses to outpatient services which included private practices, clinics and emergency department visits.  We collected information on patient identifiers, demographics, zip code of residence, eligibility status by month, and primary international classification of diseases (ICD-9) diagnostic codes (International classification of diseases, 9th revision, clinical modification : physician ICD-9-CM, 2005, 2004).

We compared the time periods of September 12, 2001 to December 31, 2001 (the attack period) and September 12, 2000 to December 31, 2000 (the control period).  We restricted our analysis to Medicaid enrollees with zip codes of residence within New York City older than 8 years of age.  We based substance use ICD-9 diagnoses in part on a set of codes listed by the National Institute on Drug Abuse (Assessing Drug Abuse Within and Accross Communities, 2006) which included alcohol use (291, 303, 305 and related sub-codes) opioids, cannabis, amphetamines, hallucinogenics, cocaine (304 series and related sub-codes) and non-specific substance use-related codes (292 series).  

Our outcome variables were age and gender standardized morbidity ratios (SMR) for substance use-related ICD-9 diagnoses for each zip code tabulation area.  We based expected rates on the internal standard of New York City as a whole for the relevant 3-month period and using a variable based on person-years of Medicaid eligibility to calculate the rates.  Our exposure variable was the distance in miles from the WTC site using the latitude and longitude of the zip code centroids in radians and the Great Circle Distance Formula (SAS, 2006).  

The 1.5 million person residential population of Manhattan rises to 2.1 million during a typical work day, and the WTC’s estimated 50,000 were augmented by an additional 100,000 daily visitors (Bell & Dallas, 2007).Since census figures reflect only the night-time residential population of an area, we included a variable to attempt to try to reflect the number of people from a zip-code tabulation area who commuted to or visited the WTC area.   We used the September 11, 2001 terrorist attack death rates per 10,000 population in a zip code as a proxy control for community exposure to the WTC attacks through commuting patterns. We also considered that the death rate in a community might be an indicator of secondary exposure to the trauma of the attacks through the death of acquaintances.  

Age and gender were included in the SMR, and we controlled for socio-economic status with median household income.  To improve Markov Chain Monte Carlo convergence to the posterior distribution, we converted the distance and median household income variables to standard normal variables and we used the natural log of the death rate.  

In a frequently utilized approach hierarchical Bayesian spatial models describe observed cases in a geographic unit as Poisson distributed with a mean equal to the expected number of cases (Ei) times the risk (ρi) for that area (Richardson, Abellan, & Best, 2006): 

Oi ~ Poisson (ρi Ei).

In describing the likelihood, the risk for each area (ρ) is transformed to a log scale (making relationships additive rather than multiplicative) and is set equal to an intercept term (a) and two random effects, one non-spatial (θ) the other spatial (λ):

log ρi = ai  +  θi  + λ i

The spatially structured component is described as a conditional autoregressive (CAR) Gaussian process [λ ~ CAR Normal (W, τ λ )] where the conditional distribution of each λi, given all the other λ i ‘s, is normal with μ = the average λ of it’s neighbors and a precision (τλ ) proportional to the number of neighbors.  W represents the matrix of neighbors that defines the neighborhood structure. The simplest and most commonly used definition of a set of neighboring structures is the existence of a common border between areas (Congdon, 1997, 2001; Curtis et al., 2006; da Silva, Melo, & Ehlers, 2004; L. Waller, Carlin, Xia, & Gelfand, 1997). The non-spatial component of the model (θi) is defined at normally distributed with μ = 0 and precision (τθ ).  The model is completed by assigning additional (hyperprior) distributions to the precision terms τλ  and τθ  .

In the Poisson-gamma formulation we used the risk (θ) is described as a set of parameters that may include any number of explanatory variables (Lawson, Browne, & Vidal Rodeiro, 2003).   The prior distribution of the observed outcome y is described as  y|θ   ~ Po (θ E) and the hyper-prior distribution of the risk is  θ  | ά , β ~ Gamma (ά, β ), with μ = ά / β and σ2 =  ά / β2  (Banerjee, Carlin, & Gelfand, 2004; Lawson, Browne, & Vidal Rodeiro, 2003).  We could further specify ά  and β , but we assume that beyond a certain point further model specification will have little practical effect on our results.    We choose a non-informative (proper) or arbitrarily vague prior that is uniform or “flat” to allow the data to predominate and lead us to a posterior distribution that is dominated by the likelihood.  A Gamma (0.5, 0.0005) has been suggested as reasonable (Law J & R, 2004).  

Our full model, then, consisted of the outcome as the log of the observed count of substance use-related diagnoses with three explanatory covariates, β1 x a normal transformation of the distance in miles from the World Trade Center site, β2 x natural log of the zip code tabulation area September 11, 2001 death rate per 10,000, and β3 x a normal transformation of the median household income for the zip code tabulation area.  We then used this fitted value in SMR calculations and compared it to raw SMR calculations.

We prepared the data and conducted descriptive and demographic analyses in SAS version 9.1.("SAS 9.1.3", 2006)  We used WinBUGS software (Baca Baldomero, Cabanas Arrate, Perez-Rodriguez, & Baca-Garcia, 2004) to process 3 parallel Markov Chain Monte Carlo runs with over-dispersed initial values for 80,000 iterations.  The first 10,000 iterations were discarded as a burn-in, and our inferences were based on the second 70,000 iterations.  We assessed convergence by examining trace histories for parallel chains, and the Brooks, Gelman and Rubin statistic (Lawson, Browne, & Vidal Rodeiro, 2003). We present our results as median values for the coefficients with their associated 95% equal-tailed Bayesian confidence intervals as well as their kernel density graphs. We present maps of zip code tabulation areas comparing smoothed SMR estimates for 2000 and 2001.  






There were 11,298,266 outpatient Medicaid visits between September 11 and December 31, 2001; 6,302,508 (55.8 percent) involved females; the average age for all visits was 38 years.  Of the 11 million visits, 828,969 (7.3 percent) involved a substance use-related primary diagnosis; 308774 (37.2 percent) of which involved females; the average age for all such visits was 44.3 years.

Between September 11, 2000 and December 31, 2000 there were 9,644,727 outpatient Medicaid visits (14.6 % fewer than the 2001 time period) of which 5,454,118 (56.6 percent) involved females with an average age of 38 years for both genders.  Of the 9 million visits, 737,186 (7.6 percent) involved a primary substance use-related diagnosis. Among patients with substance use-related diagnoses in the post-September 11, 2000 time period 288,521 (39.1 percent) involved females.  The average age for all substance use-related visits was 43.5 years.

The overlapping stationary pattern of the trace plots for the Markov Chain Monte Carlo series indicated adequate, though perhaps not complete, convergence to the posterior distribution for the coefficients in the model.  Brooks, Gellman and Rubin Potential Scale Reduction Factors for the β coefficient chains were all 1.0, also indicating convergence.  Sample convergence tracings for the β1 coefficient for the effect of distance from the WTC site on substance-use related diagnoses are presented in Figure 1.  

Since age and gender were held constant in the standardized morbidity ratios that constituted the outcome of interest, their effects, though controlled for, are not estimated through model coefficients. Median household income of a zip code tabulation area was associated with substance-use diagnoses (Table 1), although the lower bound of the credible interval bordered on zero. 

The distance of an individual’s residence to the WTC site was a statistically significant indicator of substance-use related diagnoses in both the 2000 and 2001 post-September 11 time periods. (Table 1, Figure 2).   In the post September 11, 2001 period, residential distance from the WTC site was inversely related to substance use-related diagnoses in a community.  In contrast, during the same calendar period in 2000, the closer one’s residential address was to the WTC, the greater the substance use-related SMR.

Holding all other model elements constant by inserting median values, each two mile increment in distance away from the WTC site resulted in 18% more substance use-related diagnoses in 2001.  By contrast, in 2000, each two mile increment in distance away from the World Trade Center site resulted in 11% fewer substance use-related diagnoses (Figure 3).  







Our work demonstrates that community-based diagnoses of substance use-related disorders in a population of Medicaid beneficiaries following exposure to a traumatic incident such as a terrorist attack is predicated in part on proximity to the event.  Knowing that physical proximity of a community to a terrorist attack is significantly associated with risk of substance use-related diagnoses provides insight about the role that mass trauma may play in influencing substance use in the general population and may provide useful information for policy and public health response to such incidents.

Although the literature in this regard is nascent, studies about use of substances after mass traumas have yielded conflicting results.  Several recent studies have shown that there was an increase in use of certain substances, particularly cigarettes, alcohol, and marijuana (Vlahov, Galea, Ahern, Resnick, & Kilpatrick, 2004; Vlahov et al., 2002), but not others (Factor et al., 2002), in the general population of the New York City metropolitan area in the aftermath of the September 11, 2001 terrorist attacks.  By contrast, research after other studies concerned with the effects of mass traumas, most notably the Oklahoma City bombings of 1995, did not find evidence for an increase in substance use-related diagnoses after this attacks (North et al., 1999).  

Despite the conflicting evidence in this regard, there is ample reason to suggest that substance use in the population after mass trauma may indeed be different than it was before the mass traumatic incident.  First, persons who experience major trauma may use substances to relax and cope with stress and negative affect. This has been documented in the context of laboratory studies of smokers (Gilbert, Robinson, Chamberlin, & Spielberger, 1989).  Second, persons with anxiety disorders, that are clearly associated with traumatic event experience, may suffer exacerbated withdrawal symptoms, particularly irritability or nervousness (Beckham et al., 1996).  Third, persons with anxiety disorders may well use drugs in an attempt to self-medicate symptoms (Stewart, Pihl, Conrod, & Dongier, 1998). Fourth, once psychopathology has developed, substance use could exacerbate symptomatology, interfering with the resolution of the traumatic experience and prolonging symptoms following the disaster. 

Given the ample theoretical rationale that suggests a plausible relation between mass trauma and patterns of substance use, there are two principal reasons that may explain why the extant evidence then is conflicting.  First, it is possible that the observed differences across the available studies reflect methodologic differences, particularly different measures of disaster exposure and of substance use and misuse making it difficult to draw definitive conclusions about changes in substance use and different degrees of mass trauma exposure.  Second, it is possible that the conflicting available data reflect the fact that the determination of substance use in the general population is complex (S. Galea, Nandi, & Vlahov, 2004; S. Galea, Rudenstine, & Vlahov, 2005) and that extant studies are considering only a particular set of explanatory variables that tell part of, but perhaps not the whole story. 

This study suggests a relation between proximity to a mass trauma and substance-use related diagnoses and highlights the importance of considering space in epidemiologic analyses or such behavioral health outcomes as substance use.  In fact, physical location may be the missing component in many epidemiologic inquiries.  We already routinely assess characteristics of persons (e.g, demographic characteristics), and increasingly consider time (follow-up periods; life-course analyses), but far less routinely do we think about space.   As epidemiologic inquiry proceeds to better locate individuals within their full time-space lifetime continuum, and as we increasingly recognize the complex determination of disease, (Kuh, Ben-Shlomo, Lynch, Hallqvist, & Power, 2003; Susser, 2004; Wang, 2006)  understanding the role of space becomes central in the full understanding of certain health outcomes.

Therefore, our findings, while adding support to the body of literature that suggests an association between mass trauma exposure and changes in substance use patterns, highlight the complexity of the likely role that mass traumas may play in the determination of substance use.  We showed that after one particular point mass trauma, spatial patterns of substance use-disorder reversed: while in the last three months of 2000, the rates of substance use-disorders originating from the downtown Manhattan area close to the WTC were higher than the rest of the city, they were substantially lower in the three months after September 11, 2001.  

There are several possible explanations for this observation.  First, it is possible that changes in social ties after September 11, 2001 (Adams & Boscarino, 2006) were differentially spatially distributed in New York City, and as such the mitigating effect of positive social ties and norms on substance use behavior manifested in the different spatial patterns of substance use-disorders documented here.  Second, in the aftermath of the September 11, 2001 terrorist attacks, there was a substantial change in policing and security measures throughout NYC. It is possible that these patterns contributed to different city-wide spatial patterns of substance use, some of which are documented in our study.  Third, the observed spatial patterns of substance-use disorder may reflect underlying patterns of mental health. Previous work has shown that there were complex spatial patterns of mental and behavioral health in NYC after the September 11, 2001 terrorist attacks (C DiMaggio, Galea, & Emch, 2007; C. Dimaggio, Galea, & Richardson, 2006), likely reflecting both differential exposure to the WTC collapse throughout NYC and the spatial patterns of other population characteristics (e.g., race/ethnicity) that are known to be associated with psychopathology in the aftermath of disasters.

Finally, our results could reflect the physical dislocation and relocation of residential substance abuse treatment programs in areas near the WTC site.  There were certainly disruptions in living patterns, particularly during the immediate 3-month period covered by our study.  But, while the absolute number of substance use and misuse diagnoses would be expected to drop in areas close to the WTC, the rate of such diagnoses in our study would be expected to remain more stable, because they are based on the number of person-years of eligibility for those remaining in the area.

These explanations all suggest that ultimately the full explanation of the patterns of substance use and use after mass traumas may require computational models that can take into account the diverse factors that go beyond typical risk factor models, and must take into account space, time, and the interrelation of risk factors that contribute to population behavior.  In addition to the Bayesian approaches presented here, such approaches as complex agent modeling, that allows analysts to ‘stitch together’ multiple data sources  to answer research questions about systems with large numbers of individuals whose patterns are not easily predictable by an assessment of the individuals alone (Johnson, 1999)  may lend itself particularly well to questions of population health.

An analysis of the terrorist attacks of September 11, 2001, presents an opportunity to expand our understanding of post-disaster substance use and dependence. Important questions relating to the behavioral health effects of the events like the terrorist attacks that can be answered include:  Are terrorist-related disruptions in physical, social and economic environments linked to short-term and long-term increases in substance abuse among vulnerable populations?  How important is geographic proximity to these events in mediating their effects? Are there population-based interventions that might help mitigate the effects of terrorist events on community health?  In addition to providing a unique opportunity to address these substantive issues within the context of what was, essentially, a quasi-experiment, the September 11, 2001 terrorist attacks then provided us with the ability to apply and evaluate methodological approaches to post-disaster substance use epidemiology within the context of large-scale, comprehensive, population-based data sets.

The study is subject to a number of potential limitations. Medicaid is a federal, state, and in New York State, a locally funded health insurance program with locally determined income, age, and disability requirements.  While the reliability of using Medicaid databases for analyzing mental health diagnoses (Walkup, Boyer, & Kellermann, 2000) has been validated, this vulnerable group differs from the general population in ways that affect their health and medical care utilization,(Salsberry, Chipps, & Kennedy, 2005) and that make them more likely to suffer mental illness.("Mental Health: A Report of the Surgeon General", 1999)   Also, the data reflect service utilization as much as it does risk of health-related outcomes.

In response to communication and computer infrastructure disruptions following the terrorist attacks of September 11, 2001, program officials implemented the Disaster Medicaid Relief (DRM) program.  Participants received 4 months of coverage based on a simplified one-page application.  Enrollments began 2 weeks after the terrorist attacks of September 11, 2001.  The enrollment period ran for the 4-month period from October 2001 to the end of January 2002 (Perry, 2002). The 342,362 persons who enrolled in DRM represented a 12% increase over the 2.85 million pre-existing enrollees  (Calicchia, Greene, Lee, & Warner, 2005).  Forty-four percent of these individuals transitioned to the regular Medicaid program at the end 4 months.  It is therefore possible that some of the increased post-September 11 utilization may be explained, in part, by the wider availability of free services to DRM. 

We could not identify the records of individuals enrolled as part of DRM, but attempted to control for this shift in the number of eligible individuals by basing our utilization rates on person-years of Medicaid eligibility.  This approach should have controlled for the increased number of eligible individuals by including them in the denominator of our rates.  We also controlled for potential changes in the social and demographic characteristics of the population under study that may have been due to secular changes due to time or trends or to movement of persons.

Finally, we examined only 3 months of post-attack data.  New York Medicaid MAX files for 2002 are not yet available. (RESDAC, 2006)  There is, though, evidence that population mental health effects such as post-traumatic stress disorder occur within 2 months of an incident.(C. DiMaggio & S. Galea, 2006) Still, future analysis must assess whether any changes in substance use patterns were short-lived or sustained.  

The methods we present have much to offer, but also have some limitations.  The results from such sample-based approaches may not be as informative as the closed form itself. We can increase the numerical (as opposed to the statistical) precision of our estimates by increasing the sample size. The sample itself is constructed through Markov Chain Monte Carlo methods and an important consideration is diagnosing convergence to the stationary Markov Chain.  A commonly accepted approach is to run and dynamically monitor a number of parallel chains and examine the trace plots for when they start to overlap as an indication of convergence.  We then throw out the burn-in period samples and base inference on the presumed stationary Markov Chain.    Statistics, such as the Gelman Rubin statistic, which compares variation within chains to those between chains for evidence of scale reduction, may be useful in diagnosing convergence.  Still, with such sample-based methods no two analysts will end up with exactly the same answers (although they should be very close).  

While using these methods to better understand the potential contribution of area of residence improves on what has been carried out thus far in considering the role of space, clearly area of residence does not fully capture the spatial risk of exposure.  New York City is a commuter city and many individuals who were exposed to the events of that day lived far from the WTC site.  In this particular analysis we attempted to control for this kind of exposure by using the terrorist-related death rate as a proxy measure of a community’s non-residential spatial exposure.  

Our analysis is inherently ecologic and caution is required in drawing individual-level inferences.  Ecologic studies typically explain less variation than do individual-level studies (Diez Roux, 2001; Macintyre, Maciver, & Soomans, 1993; Mayer & Jencks, 1989). Also, mapping studies such as ours likely include unmeasured confounders.  An advantage of a Bayesian approach in this context is that modeling with random effects allows for unknown confounding.  We assumed that the underlying parameters were not fixed (as in classical frequentist approach) but themselves varied and could be characterized by their hyper-parameters.  Spatial variability may be more a reflection of the underlying, arbitrarily distributed population than of any true underlying disease process (Richardson, 2003).  We relied on hierarchical modeling to help address some of these issues of instability and over-dispersion (Lawson, Browne, & Vidal Rodeiro, 2003).  In this way, we offer a spatial predictor variable while considering the underlying spatial structure of the study area.
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Table 1:  Inference on coefficients for explanatory variables based on results of 70,000 iteration Markov chain Monte Carlo simulations.  Post-September 11, 2001 substance use-related outpatient diagnoses.  New York City Medicaid Data.

	 Regression Coefficient	Point Estimate (Median)	95% Credible Interval
Post-September 11, 2001 (Attack Period)	Intercept (β0)	-0.1747	(-0.2432, -0.05774)
	Distance from WTC(β1)	0.3873	(0.2397, 0.5228)
	9/11 Deaths in Community(β2)	-0.174	(0.3598, -0.02583)
	Median Household Income(β3)	0.2399	(0.08669, 0.3687)
Post-September 11, 2000 (Control Period)	Intercept (β0)	-0.1488	(-0.2255, 0.05089)
	Distance from WTC(β1)	-0.2671	(-0.3653, -0.1488)
	9/11 Deaths in Community(β2)	-0.1785	(-0.3384, -0.006028)
	Median Household Income(β3)	0.2101	(0.02818, 0.3891)


Figure 2:  Kernel density graphs of coefficients for Distance from WTC (β1) based on results of 70,000 iteration Markov chain Monte Carlo simulations.  (a) Post-September 11, 2001 substance use-related outpatient diagnoses (b) Post-September 11,2000 substance use-related  outpatient diagnoses.  New York City Medicaid Data. 
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Figure 4:  Fitted Standardized Morbidity Ratios, Substance Use-Related diagnoses, New York City, September 11 – December 30 (a) 2001 and (b) 2000. New York City outpatient Medicaid Data.
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